In the next future, transcatheter aortic valve implantation could represent a minimally invasive option in case of bioprosthesis failure for patients at high surgical risk. CT based preoperative planning of this procedure could be useful to optimize valve-in-valve implantation. In this context, bioprosthesis 3D analysis seems to be necessary, particularly for leaflets. The goal of this study was to propose different methods to segment and characterize a degenerated bioprosthesis using standard preoperative CT scan images in order to map structural injury of bioprosthesis and, ultimately, to plan the best positioning for valve-in-valve implantation. We report our preliminary results on segmentation of a degenerated bioprosthesis in aortic position. Three different methods have been tested and all allowed obtaining segmentation of the different bioprosthesis components. Results were compared by means of quantitative criteria. Explanted bioprosthesis CT images were used as reference. Semi-automatic segmentation seems to provide an interesting approach for the morphological characterization of degenerated bioprosthesis.
I. INTRODUCTION
Aortic valve stenosis remains the most common valvular disease [1, 2] . The gold standard for treatment is surgical aortic valve replacement [3] . The combined effects of an aging population and the prevalence of aortic stenosis in this cohort have led to increasing numbers of elderly patients being referred for valvular surgery. The valve of choice in these patients is usually a bioprosthetic device, to avoid the need for anticoagulation with its associated complications [4] . Moreover, with the good long term results in durability of the new generation devices, bioprosthesis implantation is going to increase also in younger patients in the next years.
As a result, there is an increasing prevalence of failing bioprosthetic aortic valve replacements. Concurrently, the spectrum of comorbidities in these patients grows more complex, and therefore the risks of re-do surgery increase. Absolute surgical risk for re-do aortic valve operations might be raised by up to 15% compared with initial implants [5, 6] .
Trans-catheter aortic valve implantation (TAVI) has entered the mainstream as a viable treatment option for patients with symptomatic, severe aortic stenosis, who are at prohibitively high surgical risk. The initial success in 2002 [7] has been followed by a surge of interest, strengthened by encouraging medium-term results with both the self-expanding CoreValve (Medtronic, Luxembourg) [8, 9] and balloon-expandable Edwards Sapien (Edwards Lifesciences, Irvine, California) systems [10, 11] .
Although not initially designed for this purpose, TAVI is also an option for patients with a degenerative aortic valve bioprosthesis who would be at high surgical risk from repeat thoracotomy. The feasability of implanting a trans-catheter valve into a surgical bioprosthesis was first demonstrated in a pig model in 2007 [12] . The investigators used the Cribier-Edwards system to transapically implant 23-mm devices into 5 Carpentier Edwards porcine aortic valve prostheses to good effect. A case report of successful treatment of a severely regurgitant aortic valve bioprosthesis with the CoreValve (Medtronic) system has also been described-with retention of good function and no complications at 1-year follow-up [13] .
Until now, some reports about valve-in-valve implantation are available [14] , but the implanting technique remains empiric and modified for each different case and prosthesis. In next future, preoperative patient-specific simulation of endovascular procedure could be useful to optimize valve-in-valve implantation in order to predict intra-operative fitting and to reach the best positioning of the new prosthesis. In order to realize a preoperative planning of valve-in-valve implantation, 3D analysis and characterization of the structures of interest are necessary.
Nowadays, automatic processing segmentation of preoperative vascular CT images is feasible and provides relatively accurate results. This is no more the case for valvular prosthesis, specifically for prosthetic leaflets and their degeneration. To our knowledge there are some methods reported in the literature dealing with coronary ostia and valve leaflets detection [15, 16] . None of them deals with the issue of CT analysis of failing aortic bioprosthesis. The difficulties come from the combination of different factor: inhomogeneities of contrast product distribution used for the acquisition of CT images of cardiovascular structures, low contrast between the structures of interest (leaflets, calcifications, contrast) and image resolution compared with structure thickness (leaflets).
The goal of this study is to propose a new segmentation-based approach to characterize a degenerated bioprosthesis. We show and discuss our preliminary results. Results of the preoperative segmentation could, ultimately, be useful to discuss about the valve-in-valve procedure indication and to plan the best positioning for trans-catheter implantation.
II. ANALYSIS OF DEGENERATED VALVE

A. Degenerated valve leaflets analysis
Multi Slice Computed Tomography (MSCT) shows a high spatial resolution and can also be used to acquire spatio-temporal data during the cardiac cycle. In this work we are interested in using MSCT data to assess pathological features of cardiovascular structures such as aortic valve leaflets. The overall framework (Fig.2) proposed to analyze thin cardiovascular structures as valve leaflets from MSCT data, is composed of : (i) the definition of a Region of Interest (ROI) depending on the type of bioprosthesis stent implanted in the patient, (ii) a preprocessing step to denoise the original image, (iii) the segmentation of valve bioprosthesis components mainly based on a region growing process and (iv) the visualization process. Two approaches were considered for the preprocessing and three for the segmentation. In the preprocessing step anisotropic Diffusion curvature filter and Stick filter were implemented. In the segmentation process, the first approach was based on a classical isotropic region growing approach, the second on a directional (stick) region growing process and the third on a stick exhaustive search. In order to evaluate the performance of the segmentation of "in-vivo" images (preoperative images), the proposed approach was also applied to the "ex-vivo" images (explanted bioprosthesis) after patient reoperation. 
B. Stent defined ROI
In order to deal with the difficulties of segmentation of the CT images of the bioprosthesis mentioned above (metal artifacts, thickness of leaflets compared with image resolution, density of valve components compared to stent) we considered a region of interest (ROI) defined by the stent. This ROI can have different shapes according to the type of stent implanted in the patient. We considered two kinds of shape for the ROI: a cylindrical shape preferentially for incomplete metallic stents and a conformational shape for complete metallic stents (Fig. 3). A B 
C. Preprocessing
In order to reduce the noise in CT images a preprocessing step is implemented. The preprocessing goal is to increase the signal to noise ratio (SNR) as well as to increase the contrast of the structures of interest, especially the valve leaflets. We considered methods based on Diffusion filters (curvature and anisotropic Diffusion filter) as well as an adaptation of Stick filters to reduce noise and keep details in thin structures. To select the most appropriate approach before the segmentation step, we considered the SNR as the performance criterion. To compute the SNR we used the definition given in [19] Var is the the local variance in the neighborhood of leaflets and vascular lumen voxels located in the ROI. Voxels located at the boundary between leaflets and vascular lumen are used to obtain the maximum variance whereas voxels located in the vascular lumen are used to obtain minimum variance. Due to their high value, voxels representing stent, calcification and pannus are not considered in the computation of SNR.
-Anisotropic Diffusion filter
The Diffusion filters are non-linear filters based on partial differential equations. They have been proposed for noise reduction and segmentation, particularly for vascular images.
In classical Perona-Malik (PM) model [20] , the values of resulting voxels
where p ! is the neighborhood of the current voxel and c(x) can take different expressions such as:
! and k are two parameters to control Diffusion intensity.
represents the absolute median value [21] of discrete gradient of all voxels inside ROI.
Classical Anisotropic Diffusion operators such as PM model can enhance edge while denoising the image. Nevertheless, they may enhance both edge and noise in low SNR conditions. Anisotropic Curvature Diffusion, which is based on a Modified Curvature Diffusion Equation [22] [23] [24] , has been introduced to overcome this problem and to be less sensitive to noise. 
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where , t p q P is the plane defined by the current voxel and a direction given by a voxel of the neighborhood
Curv P is the Gaussian Curvature at the voxel. Higher values of p ! may smooth edge and increase computational complexity too much.
was selected thanks to its simple computational complexity.
Values of ! and k were set at 1 for a low level of noise (high SNR). In the case of images showing a high level of noise (SNR<=8), ! were set at 0.5.
-Stick filter
Stick filter is also a non-linear filter. It was originally introduced to deal with strips-like noise in US images [17] [18] . With Stick filtering approach, the neighborhood of the considered voxel is divided into a set of asymmetric sticks to perform a non-linear filtering of the image (Fig. 4) . Because of its asymmetric stick, the filter could get better performance in terms of keeping details of thin structure, as valve leaflets, while denoising the image.
A B Figure 4 : A, 4 voxels-length 2D asymmetric sticks set [18] and B, 5 voxel-length sticks (white arrows) which give the higher output in 4 positions inside leaflets (SNR of this image is 7.54).
The filter output I' at the current voxel was originally defined as: N is the number of sticks, and g i is the reciprocal of local variance along the i th stick, used to classify edge and noise.
This filter was adapted to preprocess CT images of degenerative aortic valve bioprosthesis. In order to improve the results of the original stick filter applied to CT images, we tested different parameters (including local median). At the end of the tests, we found that local median could keep more details of thin structures both visually and in terms of SNR.
In our approach, we used 3D asymmetric sticks set and the resulting value of the filtering process was considered as the sum of voxel median values normalized by the standard deviation along 4 voxels length sticks defined in the neighborhood (Fig. 5) . The values of resulting voxels I' were more precisely defined as: N is the number of sticks (
conditions), L is the number of voxels along the stick.
L, the length of stick, is the main parameter of this filter. It is determined by SNR of original CT images. When SNR<=8, L=5; 8<SNR<=10, L=4; SNR>10, L=3. The process of filtering is applied to the ROI. When part of stick is outside of the ROI, we use original image voxels to complete it.
Besides, the number of iteration is not a critical issue unlike Diffusion filter. Stick filter shows a convergent behavior after several iterations. Typically, in a low SNR condition (SNR<=8), the result converged after 5 iterations (after 3 iterations when SNR>10). It was not necessary to limit the number of iterations to avoid an over-smoothing of edges.
Although both Stick filter and Diffusion filter are "anisotropic" filter, Diffusion often use a small mask (3*3*3) or add a median filter process between 2 iterations to avoid making impulse noise. Stick filter can use much larger mask to get a better result.
The drawback of Stick filter is its high computation complexity. A 5 voxels-length Stick filter (i.e. a 9*9*9 cubic neighborhood), requires for each voxel and at each iteration, the calculation of 386 local medians and local variances. The time of calculation can be decreased by the stent-defined ROI. The number of voxels located in the ROI is much less than in the cubic volume encompassing the aortic valve bioprosthesis. Cylindrical ROI typically decreases the number of voxels to 40% and conformational ROI to 16%.
D. Valve segmentation
According to surgical expertise, four main classes of tissues were identified. They were related to HU measured by CT. We considered, from high to low HU, the following classes: stent, calcification, vascular lumen and leaflets. The first two elements, showing high CT values, can be segmented by thresholding easily; the issue of segmentation is more particularly focused on bioprosthetic leaflets.
Three kinds of region-based segmentation processes were implemented, with a decreasing level of user interactivity.
1-Isotropic Region Growing
The first one was an interactive process in order to provide a reference approach for the assessment of the results. It was based on classical Isotropic Region Growing inserm-00785803, version 1 -7 Feb 2013 (IRG) method. Following a preprocessing based on Diffusion filtering, as described above, it was applied using 3D Slicer software [25] .
The bioprosthesis volume was selected using three different CT slices. Multiple seed points were interactively selected for each component of the prosthesis. The region growing algorithm was started (26-neighbour connectivity) with automatic calculation of the criterion used for the aggregation of voxels. This similarity criterion was based on mean and standard deviation of the voxel values within the considered cubic neighborhood [26] [27] [28] . The extraction and visualization of the resulting 3D surface meshes delineating the regions were performed by using the Marching Cube algorithm [19, 25] .
-Stick Region Growing
To better deal with the segmentation of thin structures, like the components of a valve bioprosthesis and especially valve leaflets, we developed a directional region growing process based on stick neighborhood. The segmentation was thus performed by the stick region growing algorithm applied to a previously selected region of interest (ROI), either cylindrical or conformational, passing through the metallic stent.
Some seeds were interactively selected inside the leaflets at different locations (typically 4 to 6 seeds). A set of N voxels inside the leaflets was defined by considering for each seed the voxels belonging to their neighborhood. The similarity criterion was locally based on mean and standard deviation of the CT voxel values along the directions defined by the sticks. This approach was implemented using MatLab development tools.
In order to examine each voxel in the cubic neighborhood of the seed, we specifically computed the stick variances in the set of sticks defined by each of these voxels: L was chosen to be less than the thickness of the leaflets. Typically L was between 3 and 5 voxels (about 1mm).
To ensure region growth is not early stopped, or in other words to limit the number of seed points selection in some critical cases (highly noisy data), the size of the cubic neighborhood was chosen to be large enough to include space between homogeneous fragment of leaflets. We typically used a 342-connected neighborhood (7x7x7).
We also defined (ii) minimum local variance along stick is lower than a variance threshold (VTH). VTH was determined by the difference of local cubic neighborhood variances of leaflets voxels and boundary voxels. These variances have been previously calculated in SNR computation (for image preprocessing). When this voxel belongs to ROI, it constitutes new seed voxels. This process was iterated until no new voxel can be marked as a seed. This segmentation referenced as Stick Region Growing (Stick RG) in the following was preceded by a Stick filtering preprocessing step.
-Stick Exhaustive Search
To further reduce the level of interactivity in the segmentation process, a systematic exploration of the ROI was implemented with no need for seed point definition. This segmentation referenced as Stick Exhaustive Search (SES) in the following was preceded by a Stick filtering preprocessing step.
Looking at the grey level of leaflets/vascular lumen in the preselected and filtered ROI, we manually set the range of grey level thresholds about mean and variance. We divide neighborhood (Radius=3 pixels) of all voxels inside ROI into an asymmetric sticks sets and we automatically calculate local means and local variances along sticks. If the stick values were inside the range we set, the neighborhood voxel was classified as leaflets or vascular lumen. The exploration of the ROI is completely automatic.
III. RESULTS
A. Experimental data
As preoperative assessment, we obtained CT scan images (General ElectricTM Lightspeed® VCT 64) from four patients (HER, MAG, BOU, DAV) presenting a degeneration of aortic bioprosthesis. Depending on the case, the reoperation was performed from 7 to 19 years after implantation. Acquisition protocol was a multi-slice coronary angio-CT-scan ECG gated in 3D + T mode.
We analyzed 4 databases of aortic bioprostheses, explanted for different pathological reasons. In one case it was a pericardial bioprosthesis (HER), in which bovine pericardium is cut to reproduce aortic valve leaflets that are sewn on a complete metallic stent. Three more cases were represented by porcine bioprostheses, in which a porcine aortic valve is mounted on a complete metallic stent (2 cases: MAG and BOU) or incomplete metallic stent (1 case: DAV).
CT-scan sequences were preprocessed and segmented (as described in Fig. 2 ) to describe the vascular structure as well as the bioprosthesis metallic stent. After reoperation, CT-scan images of isolated explanted aortic bioprosthesis were obtained using the highest image resolution protocol. The main parameters derived from the CT acquisitions of in-vivo (IV) and ex-vivo (EV) aortic bioprosthesis, for each of the four cases, are summarized in Table I . 
B. Preprocessing
The preprocessing based either on Diffusion filter or on Stick filter was applied to the in-vivo CT volumes of the four patients. The bioprosthesis voxels were first isolated by considering the ROI defined by the stent. Ex-vivo images do not need preprocessing. Differences in grey level between stent, leaflets and calcification/pannus are very clear in ex-vivo data.
Examples of original images and resulting images obtained with the two different filters are reported in Figure  5 . A first qualitative appreciation of the results let appears that Stick filter based approach seems to better enhance the contrast between valve leaflets and surrounding structures. In addition to this qualitative assessment of the results, SNR was computed on original images and resulting images (Fig. 6) . This objective assessment let appear that Stick filtering shows the best SNR for the four patients, and this is consistent with the subjective appreciation. 
C. Segmentation
Following the ad hoc preprocessing step, the different segmentation methods (IRG, Stick RG, and SES) were applied to in-vivo (IV) and ex-vivo (EV) images. A qualitative analysis is reported in Fig. 8-9 comparing the methods used in-and ex-vivo to enhance bioprosthetic leaflets and the explanted bioprosthesis.
The first example is reported in the case of the pericardial bioprosthesis (HER). The visualization was performed by surface rendering. Some anatomical similarity as the shape of the leaflets and the presence of minimal leaflet degeneration can be easily appreciated (Fig.7) . The leaflet prolapse resulting in no perfect coaptation appears as commissure lost (indicated in blue circle) in the segmented images. The second example illustrates the results obtained in the case of a porcine bioprothesis (MAG). The visualization of front and back side of bioprosthesis was performed by volume rendering with transparency effect (Fig. 8) . A calcified pannus (indicated by black arrows) is characteristic in this case and responsible for valve obstruction. Leaflet tear (indicated by green arrows) was also observed and found in reconstructions.
The results on the back side of EV_IRG and EV_SES are not exactly the same. In fact, in this case, when the valve is closed (closed position of leaflets), the pannus developed under the bioprosthesis is in contact with a part of the leaflets (partially calcified). Automatic enhancement of these 2 tissues in contact is quiet difficult. This is the reason why the results show some differences between the methods.
Front Back A quantitative analysis was then conducted to objectively compare the results obtained respectively by IRG, Stick RG, and SES on in-vivo (IV) and ex-vivo (EV) images. It was performed as following: the voxel volume was computed for each database (considering CT acquisition parameters showed in Tab. I) and multiplied for the number of voxels of each bioprosthestic component.
The criterion used to evaluate the results was the volume of bioprothesis components. Results of this analysis are shown in Fig. 9 (volumes are expressed in mm  3 ). This analysis wants to show that these 3 different methods more or less automatic, allow to enhance bioprosthetic components including leaflets with similar results. In fact, looking at volumes values, we can't conclude that the 3 methods provide so different results. In-vivo volumes are generally bigger than ex-vivo and it can be explained mostly by the moving artifacts. For sure, ex-vivo results are more reliable than in-vivo and represent the reference to compare the in-vivo results. But, when we compare the results between in-and ex-vivo for each method, the differences in voxels volumes are always less than 20%. In recent years, multi-detector computed tomography has emerged as a promising tool to provide precise diagnostic information in different clinical situations, such as noninvasive evaluation of coronary disease [29] [30] [31] [32] [33] [34] , ventricular morphology and function [35] , and myocardial viability [36] [37] [38] . CT images can also help visualize the morphology and motion of native and diseased stenotic aortic valves and precisely measure aortic valve opening areas. Several studies [39] [40] [41] [42] [43] [44] [45] suggest that multi-detector CT can help assess mechanism of dysfunction in mechanical prosthetic heart valve disorders.
An aortic bioprosthesis can have functional degradation and prosthesis dysfunction over time. In more recent bioprostheses, the rate of structural failure appears to be somewhat lower than with the first generation [46] , but it is still occurring. Understanding the precise mechanism of bioprosthesis dysfunction would thus be important to direct clinical management. Yet, it can often be difficult to identify these entities in clinical practice. Indeed, both TTE and transesophageal echocardiography have limited usefulness for detection of the mechanism of stenotic bioprostheses, because of the acoustic shadowing from valve stents or annulus.
CT images would potentially allow better visualization of the bioprosthetic valve leaflets after aortic valve replacement, but at the moment CT scan softwares don't allow automatic leaflets enhancement. So, additional methods have to be considered to improve leaflets characterization and visualization.
In this study we have tested three different types of segmentation applied to CT images of degenerated aortic bioprosthesis. Considered methods, even if different in their approach, seem to be similar in terms of results. They are considered as semiautomatic segmentation methods.
The mean difference among these methods is that the Isotropic Region Growing method is performed using software for image analysis (3D Slicer), relatively easy to use, but needing heavy interaction for the user (manual selection of different seed points for the different components of the bioprosthesis) . On the other hand, Stick Region Growing and Stick Exhaustive Search methods need, at this time, to be performed by professionals of Matlab development tools, but their interactivity is lower.
The reduced interactivity level results in some differences in terms of voxels volumes. In fact it is difficult to replace the user ability to recognize bioprosthesis different structures in CT transverse sections (IRG) by the automatic criteria based on grey level density (Stick RG and SES).
Quantitative analysis shows these differences among the methods, but we can't consider them significant because of the inability to perform a statistical analysis on these few databases. Moreover, we don't know at the moment if these small differences (always less than 20%) could have a real interest for clinical application. In fact, the goal of segmentation is to approximately reconstruct leaflet morphology and to detect some failing mechanism as pannus formation that could represent a contraindication to the endovascular procedure.
A key point of the analysis is represented by the preprocessing. In fact, bioprostheses CT images need to be denoised before to be segmented because of metallic stent artifacts. Different filters have been tested in order to improve images with the best leaflets enhancement. Stick filtering, modified in order to be applied to CT images, showed the best visual results and this was confirmed by SNR analyses. This filtering process was performed by MatLab software and it takes time to be finalized. To reduce this computing time it is important to select a ROI that takes into account only the bioprosthesis stent region with its leaflets.
Concerning segmentations results, some considerations have to be done. Among analyzed databases the best results have been obtained in the case of the pericardial bioprosthesis (HER). The reason is attributed to the thickness of valve tissue. In fact pericardial leaflets are largely thicker than porcine with consequent better results for CT images.
The higher bioprosthesis components' volumes observed in some cases for in-vivo images comparing to ex-vivo can be explained by different factors. Firstly, image resolution is not the same. In-vivo acquisition protocol represents the standard protocol used for coronary ECG gated angio-CT-scan. Acquisition parameters cannot be changed and specific acquisition for bioprosthesis analysis doesn't exist at the moment. For ex-vivo we chose the highest resolution protocol to be close to reality and to use these images as reference. Other than image resolution, we can consider heart motion and blood superposition as important factor of volumes differences.
Computing of leaflets volumes can be altered by the non-metallic part of bioprosthesis stent (DAV). Only the metallic stent can be used as spatial limitation for the leaflets because the non metallic part has the same density of the leaflets. For this reason leaflet volumes are higher than normal, especially in the case of incomplete metallic stent.
Another factor that plays a fundamental role for the quality of in-vivo images (preoperative images) is the heart rate during the exam. It should be as low as possible and not more than 80 bpm. Patient preoperative clinical conditions can be responsible for higher heart rate and contra-indicate medical therapy as beta-blockers to reduce it.
In all cases, we observed also in-vivo underestimation of leaflets degeneration. This is only partially true. In fact, in the study cases, leaflets are not so calcified and most part of degeneration consists in leaflets thickening. These leaflets modifications do not appear with the same density of calcifications and are difficult to detect in in-vivo CT images. Only actual calcifications can be detected with consequent underestimation compared to ex-vivo images, in which smaller differences in density can be easily appreciated.
Our study suggests that segmentation of CT images could play a role in clarifying the mechanism of bioprosthesis dysfunction. Indeed, we demonstrated that segmentation can help directly visualize leaflet morphology.
Furthermore, we demonstrated the ability of these methods to identify bioprosthesis leaflet thickening, calcification as well as presence of pannus under bioprosthetic leaflets.
V. CONCLUSION
Echocardiography remains the gold standard for functional analysis of bioprosthesis failure. In the last years an increasing number of groups are looking with particular interest at CT images for anatomo-morphological analysis of the aortic valve.
Segmentation could be useful in the next future to better understand the morphology of the failing bioprosthesis. Moreover segmentation allows to better visualize some non structural valve dysfunction like subvalvular pannus, difficult to visualize by echocardiography and to recognize by transverse CT scan sections. Finally, it could be interesting to integrate 3D reconstructions into planning tools to optimize the valve-in-valve procedure.
In order to further validate the preliminary results, we are testing the three presented methods for different patients datasets.
Moreover additional types of segmentation approaches are going to be evaluated. Results among different techniques will be compared in order to determine the best method for a relevant 3D bioprosthesis segmentation.
